Milk quality data on a month-by-month basis from
INTRODUCTION
Increasing awareness of public health and food safety issues in recent years has lead to a greater interest in milk quality. The growing globalization of the world's markets is making it necessary to meet the most strin-gent requirements in order to sustain trade. In New York State (NYS), where agriculture is among the large economic sectors, and where dairy is the largest of agricultural sectors, maintaining high quality of milk is of crucial importance to maintain a considerable market share.
The key milk quality element being regulated is SCC. High SCC levels are not known to pose a direct public health risk, yet they reflect mammary infection and overall quality of management. Moreover, lower SCC levels have been shown to be related to higher milk yield and better dairy product quality, and are, therefore, of economic value (Ma et al., 2000) . A SCC level of 200,000 cells/ml or less is considered physiologically typical (Laevens et al., 1997) . The EU requires that milk used for dairy products sold in its territory have SCC levels below 400,000 cells/ml. New Zealand and Australia require similar levels, and Canada requires milk to have below 500,000 cells/ml (Sargeant et al., 1998; Norman et al., 2000) . In the United States, the current national penalty level is 750,000 cells/ml and over. Many US (organic) dairy cooperatives also require SCC to be less than 400,000 cells/ml.
Another element under regulation is bacterial counts (plate loop counts, PLC) in milk. In terms of bacterial standards, US regulations meet those of the European Union (EU) and Australasia. Regulatory penalties are typically paid on milk with PLC > 100,000.
Dairy plants closely monitor antibiotic residues in milk. These residues are a result of treating dairy cattle with antibiotics and not withholding milk. The presence of antibiotic residues in milk is prohibited to protect consumers who may be allergic, and to prevent emergence of antibiotic-resistant organisms. Antibiotic residues may also impact the manufacturing process of milk products. Every load of milk is tested for antibiotic residue, violations are recorded, and violators are penalized. In many situations, every truck-tanker load of milk is tested for antibiotic residues.
In this study, we review the quality elements SCC, PLC, and antibiotic violations in milk produced in NYS during a period of 22 mo from March 1999 to December 2000. Our data cover over 50% of the dairy farms, and over 50% of the milk produced in the state throughout the period. The objective was to investigate the milk quality indicators, their mutual correlation, the influence of farm size, and the trends in milk quality over the 22-mo period.
MATERIALS AND METHODS

Data
The data for this study were obtained from five of the largest milk plants operating in NYS (Upstate Farms Cooperative Inc., Dairylea Cooperative Inc., Allied Federated Cooperatives Inc., Dairy Farmers of America, and Agri-Mark). Data included monthly milk loads (kg) and test results for SCC, PLC, antibiotic residue violations, freezing point, butterfat, protein, and lactose. Milk quality tests were performed in the laboratory owned by the cooperative. All laboratories are evaluated and certified on a regular basis with standardized samples submitted from federal standards agencies. In our study, we only used milk loads, SCC, PLC, and antibiotic residue violations. The data analyzed consisted of records from 1915 to 4008 farms per month (of 7800 dairy farms in NYS) and from 153 × 10 6 kg to 283 × 10 6 kg of milk per month (of 455 × 10 6 kg monthly milk production in the state). Omitted from this analysis were records that had a zip code that did not represent a NYS address (e.g., other states or missing digits). Also omitted were complete monthly farm records, where at least one field represented errors in the data, including: year that was greater than 2000, month that was greater than 12, SCC greater than 5 × 10 6 , negative PLC, and antibiotic residue violations greater than 12.
As stated earlier, we obtained data from five different milk plants. One plant with inconsistent data for PLC was excluded from the data for the analyses for PLC. The reporting method of antibiotic residue violations also seemed to be inconsistent between plants. Three of the plants reported violations typically ranging between 2 to 14 per 1000 producers each month. In the data of the other two plants, antibiotic violation reports were very rare events, having 0 violations reported most months and 1 or 2 violations per 1000 producers in 2 and 3 mo. Further investigations revealed that the latter two plants only reported antibiotic violations observed in the biweekly milk quality sample, whereas the other three plants also reported the violations observed in the daily truckload testing. We therefore decided to exclude the data from the two plants with limited data from our antibiotic residue violation analysis.
Descriptive Analyses
All analyses were done with SAS 8.01 (SAS Institute Inc., 1999) . Several new variables were computed for Journal of Dairy Science Vol. 85, No. 4, 2002 further analyses: the weighted SCC (WSCC), the SCC contribution, and PLC contribution. To analyze the effects of SCC level, farms were classified into five SCC categories month by month, according to their SCC levels that month. The categories chosen reflect physiological levels, and national and international requirements described in the introduction (SCC × 10 3 ): SCC < 200, 200 ≤ SCC < 400, 400 ≤ SCC < 500, 500 ≤ SCC < 750, SCC ≥ 750.
For the WSCC, the mean of the SCC of a farm was multiplied with the monthly amount of milk sold by the farm and divided by the total amount of milk sold to the plants that month.
Farms were classified, according to their month-bymonth PLC level, into five PLC categories (PLC × 10 3 ): PLC < 10, 10 ≤ PLC < 25, 25 ≤ PLC < 50, 50 ≤ PLC < 100, PLC ≥ 100.
To analyze consequences related to farm size (milk load), farms were classified into milk load (kg) categories month by month, according to quartiles of total observations. Q1 included farms with ≤ 23,000 kg in a specific month, Q2 had farms with 23,000 < kg ≤ 34,000, Q3 had farms with 34,000 < kg ≤ 68,000, and Q4 had farms with milk loads > 68,000 kg in a specific month.
SCC and PLC contribution. To evaluate the contribution of an individual farm to overall SCC and PLC in the milk pool, two new variables, termed SCC contribution and PLC contribution, were calculated for each farm in each month. The SCC and PLC contribution was determined as the excess SCC or PLC over the physiologically typical level (SCC) and the first quartile of observations (PLC) [SCC = 200,000 and PLC = 5000 (Laevens et al., 1997) ]. The SCC and PLC contribution was calculated for a particular farm in a particular month weighted by the amount of milk the farm produced that month out of the total amount of milk in the milk pool that month.
Multivariable Analyses
The SCC, PLC, and milk delivered per month (in kg) were not normally distributed and to bring these distributions to symmetry the natural logarithms were calculated and tested for normality. The LNSCC, LNPLC, and LNMILK were used in the multivariable analyses.
The models 1, 2, and 3 represent the models used in the multivariable analyses. The models 1 and 2 are transition models with a correlated residual error structure (PROC MIXED, repeated MOYR/type = AR(1) or CS subject = PRODUCER). With these models the conditional distribution of LNSCC and LNPLC given the prediction error of the preceding observation of SCC or PLC and the explanatory variables is modeled (Akaike, 1974) . The "repeated" statements generate population average effects. For both models, several covariance structures were tested (e.g., variance components (VC), first-order autoregressive structure (AR(1)), and compound symmetry (CS)). The same type of models was constructed for the normalized (LN) SCC and PLC contributions. The results of these models will not be shown because the univariable results already show the most important conclusions.
Model 3 is a generalized linear model (GLM) of the count of antibiotic residue violations in the total milk pool delivered to the three plants. Antibiotic residue violations are rare events and therefore, follow a Poisson distribution. A generalized estimating equation was used to model the clustering within producers (Liang and Zeger, 1986) . The procedure GENMOD was used to model antibiotic violations.
Model 1:
ε i is split into a correlated part MOYR within PRO-DUCER and a random − normal part ∼ N(0, σ e 2 )
Model 3: 
Fit of the Models
The best covariance structure for the models was selected based on the Aikaike's information criterion closest to zero (Akaike, 1974) . The goodness of fit of the model was assessed using the concordance correlation coefficient (CC) and visual analysis of the graphs of observed and predicted values. The CC was first constructed to validate the reproducibility of a measuring device or a clinical test for interval scale measurements. However, this index can be extended to effectively measure the goodness of fit of a model. High values of the CC (above 80%) between the observed data and the predicted data based on our model would indicate that the model has high reproducibility (Lin, 1989) .
The LNSCC, LNPLC, and LNMILK were tested for normality with the Kolmogorov test. Interactions were tested for significance. In addition, outliers in the model were investigated and residuals were plotted and tested for correlation and autocorrelation.
RESULTS
Descriptive Statistics
In Tables 1 and 2, the descriptive statistics of the continuous and the discrete variables in the dataset are shown. Table 3 contains the Pearson correlation coefficients of the variables in the analyses that were significant at P ≤ 0.05. The correlation between the variables was rather low. The highest correlations were SCC with PLC (0.18) and the amount of milk sold per farm (−0.17).
SCC
When investigating the data on a month-to-month basis, it was found that only 1 to 2% of the milk pool analyzed had SCC levels higher than the penalty levels (SCC > 750,000 cells/ml). Each month, between 72 and 88% of the milk pool had SCC levels in compliance with the EU requirements (SCC < 400,000 cells/ml). A higher percentage was found in compliance in winter months, and a lower percentage was found in the summer (data not shown).
The SCC contribution reflects both SCC levels and the size of the farms (kg of milk sold per month). Total SCC contribution per category reflects, in addition, the number of farms in that category. Hence, the highest SCC contributions come from farms that are not necessarily in the highest SCC level category. Figure 1 shows that the farms in the 200,000 < SCC < 400,000 and 500,000 < SCC < 750,000 categories contribute most to the SCC level in the milk of NYS. Figure 2 and the multivariable model (data not shown) show that the largest farms (Q4) contributed most to the SCC in the pool of milk, the other farm sizes were not significantly different from each other in their SCC contribution. Most of the milk in the pool analyzed came from farms with SCC levels below 400,000 cells/ml. The results of the SCC model [1] are depicted in Table  4 . No interactions were found significant. The plants were slightly different in their average SCC. The seasonal effect, SIN and COS, was clearly significant. Furthermore, LNMILK was a significant factor; farms that delivered more milk had a lower SCC. The TREND effect showed a slight decrease in SCC over the 22-mo period. The covariance parameter of model [1] for the PRODUCER effect was high, 0.78, compared with the estimate for the residual of 0.25. The PRODUCER effect explained 76% of the variance. Figure 3 shows the observed and predicted LNSCC and the TREND. The model did not fit the data very well (CC = 0.10). However, the graph of the residuals did not show a trend, and the exclusion of the outliers (>2 × standard deviation) slightly improved the fit of the model but did not change the estimates in a significant way. Figure 4 shows that farms with SCC levels below 400,000 cells/ml had low PLC levels (equal or less than 25,000 bacteria/ml). Furthermore, farms with high SCC levels more often had high PLC levels. The data show that the mean PLC contribution is lower for farms in the lowest SCC category (SCC < 200,000) and the other SCC categories did not seem to differ in PLC contribution. However, the multivariable model showed that the PLC contribution significantly increased with in- creasing SCC (data not shown). Furthermore, the largest farms (Q4) contributed most to the PLC in the pool of milk ( Figure 5 ). Table 5 contains the results of the PLC model [2] with CS covariance structure. Interactions were not significant. There were significant differences in PLC between the plants and between seasons. Furthermore, farms that delivered more milk had a lower PLC. The PRODUCER effect was again fairly high; it explained 33% of the variance. The model did not fit well (CC = 0.05), but the residuals did not show a trend and exclusion of the outliers (> 2 × standard deviation) did not change the model estimates. The poor fit of the model can be seen in Figure 6 that depicts the observed and predicted PLC.
PLC
Antibiotic Residue Violations
In the three-plant dataset (after eliminating two plants as described in Materials and Methods), antibiotic residue violations range between 1.0 and 6.3 per 1000 producers, in different months, with no apparent seasonality. Farms with higher SCC levels (SCC > 750,000) showed a much higher rate of antibiotic residue violations (Figure 7) . Furthermore, Figure 8 shows that larger farms exhibit higher rates of antibiotic residue violations (Q3 and Q4).
The results of the multivariable model for antibiotic residue violations (model 3 with compound symmetry covariance structure) confirm the results of the univariable analysis. There were significant differences between the plants. Farms that delivered more milk or had a higher SCC had significantly more antibiotic residue violations. The PRODUCER effect was low, with a correlation of 0.01. The residuals did not show a trend and exclusion of the outliers (> 2 × standard deviation) did not change the model estimates.
DISCUSSION
On a month-to-month basis, between 72 and 88% of the pool of milk of five plants in NYS was compliant with the strict world market criterion for SCC (SCC < 400,000). Only 3.5% of the milk was above penalty level of 750,000 cells/ml in the investigated 22-mo period.
Larger farms had lower SCC and PLC, but more antibiotic violations. However, the larger farms contribute most to the SCC and PLC of the total pool of milk because of the vast amount of milk they contribute to the pool. Farms with a high SCC also had a higher PLC and more antibiotic violations.
Both SCC and PLC seem to be seasonal (higher in the summer months), and there was a slight decreasing trend for SCC during the 22-mo period of the study. Antibiotic residue violations seem to occur more randomly through the year, and no seasonal trend could be found.
To decrease the SCC in the pool of milk, attention should be focused on the farms that contribute most, which are the farms with a SCC between 200 × 10 3 and 500 × 10 3 and the larger farms. The PLC in the pool is not clearly dependent on the SCC level of the farm but can be lowered by focusing on the large farms. Most antibiotic residue violations occur at both high SCC and large farms. The relationship between high SCC and antibiotic violations has been described before, both in United States (Ruegg and Tabone, 2000; Saville et al. 2000) and Canadian data (Sargeant et al., 1998) . This should become an argument in the discussion on penalty levels for SCC. As shown in Table 3 , and in the results of our multivariate analysis, high SCC is a generic predictor of poor milk quality. Clearly, high SCC farms should remain a target when improving raw milk quality in NYS.
Another more unexpected target group to improve milk quality are the quartile of producers that ship the largest quantity of milk. Their rate of antibiotic viola- tions is substantially higher than the other 75% of producers, and also their contribution of cells and bacteria to the pool of New York milk is relatively high. These producers tend to have lower cell counts in their total blended milk (Norman et al., 2000) , but the absolute number of somatic cells above the physiological limits (indicating the presence of inflammatory cells) and the number of bacteria above a quality threshold is high. The larger herds benefit from the dilution of high SCC and high PLC milk with milk of high quality. In reality, the larger herds contain 'subherds' of substantial size that by themselves would not pass milk quality standards. This principle can be taken a step further when looking at the total New York milk supply: The state's average SCC of 362,800 would clearly pass world market standards (SCC < 400,000 cells/ml). However, this dilution principle defeats the purpose of setting high milk quality standards. Hence, it appears reasonable to set higher standards for larger producers, or to use more frequent testing on individual bulk tank loads in herds with high milk output. Incentive programs on the other hand may also have a major impact. Again, it would be important to make these attractive to the producers that produce the majority of somatic cells, bacteria, and antibiotic violations. In our data, that group appeared to be the larger producers. To reach this audience, education, training, and incentives are probably the key components of a total milk quality assurance program (Gibbons-Burgener et al., 1999) .
It is of specific concern that antibiotic residues are higher in the herds in the largest quartile of milk sold. Apparently, it is more difficult in larger herds to comply with antibiotic withholding regulations. Other studies have shown similar results and have implied that relative poor communication between an increasing number of people on the larger farms is a key factor (McEwen et al., 1991) .
The multivariable SCC and PLC models did not fit the data very well because of a limited fit for the elevated figures in the summer months. The seasonal effects seem to be important and the model fit would probably be improved by having more longitudinal data over a longer period. Clearly, there are other factors that are not included in our dataset that influence the variation in SCC and PLC. We found that the repeatability of SCC and PLC was high within producers. Antibiotic residue violations were less so and seemed to be more random. The antibiotic residue violation model was under-dispersed according to the deviance of 0.04 but not based on Pearson chi-square of 0.96. However, under-dispersion may result in an overestimation of the standard error but will not influence the point estimate for the variables (Diggle et al., 1994) . The large difference between the two is an indication that the chi-squared approximation to the distribution of the deviance is not adequate (Collett, 1991) .
The autoregressive covariance structure for the SCC model points out that current farm SCC levels are correlated most with preceding SCC observations. This correlation decreases when deliveries are further apart, while the compound symmetry covariance structure of the PLC model indicates that all observations of a farm are equally correlated. The best antibiotic residue violation model also had a compound symmetry covariance structure but the interproducer correlation was very low.
CONCLUSIONS
Milk quality data from a large proportion of dairy producers in the state of New York indicate that approximately 80% of all milk produced in the state would comply with a stricter world market criterion for milk quality (SCC < 400, PLC < 100). Analysis of the data indicated that the two main target groups of dairy farms to improve milk quality in the state would be the very high SCC farms, and the larger farms with milk quality measures just below penalty levels. Impacting these two groups would result in a significant improvement of milk quality in the pool of New York milk. Testing programs, combined with incentive, education, and training programs may be focused on these farms.
